Abstract
Introduction
Spatial configuration retrieval is an important research topic of content-based image retrieval in GIS, computer vision, and VLSI design, etc. A user of a GIS system usually searches for configurations of spatial objects on a map that match some ideal configuration or are bound by a number of constraints. For example, a user may be looking for a place to build a house. He wishes to have a house A north of the town that he works, in a distance no greater than 10km from his child's school B and next to a park C. Moreover, he would like to have a supermarket D on his way to work. Under some circumstances, the query conditions cannot be fully satisfied at all. The users may need only several optional answers according to the degree of configuration similarity. Of the configuration similarity query problem, the representation strategies and search algorithms have been studied in several papers [4, 7, 13, 18, 14, 11, 15] .
A configuration similarity query can be formally described as a standard binary constraint satisfaction problem which consists of: (1) , a constraint C ij which can be a simple spatial relation, a spatio-temporal relation or a disjunction of relations. In addition, unary constraints such as physical and semantical features can be added to the variables. The goal of query processing is to find instantiations of variables to image objects so that the input constraints are satisfied to a maximum degree. The dissimilarity degree d ij of a binary instantiation {v i ← u k , v j ← u l } is defined as the dissimilarity between the relation R(u k , u l ) (between objects u k and u l in the image to be searched) and the constraint C ij (between v i and v j in the query). The inconsistency degree can be calculated according to the principles such as conceptual neighborhood [11] or binary string encoding [15] . Given the inconsistency degrees of binary constraints, the inconsistency degree d(S) of a complete solu-
Given the defined dissimilarity degree d(S), the similarity degree sim(S), which is not affected by the problem scale and is within the range [0,1], can be defined as:
Where d(S) is the dissimilarity degree of the solution S for a query, n is the number of variables in a query, n(n-1) is the set of constraints between distinct variable pairs (including inverse and unspecified constraints), and D is the maximum dissimilarity degree between two constraint relations. Setting an appropriate minimum value MIN for sim(S) can help to obtain the balance between the approximation degree of the solutions to query conditions and processing cost. The smaller the MIN, the more the solutions obtained, while the processing cost increases too. In the real world, spatial data often have complex geometry shapes. It will be very costly if we directly to calculate the spatial relationships between them, while much invalid time may be spent. If N is the number of spatial objects, and n the number of query variables, the total number of possible solutions is equal to the number of n-permutations of the N objects: N !/(N − n)! . Using Minimum Bounding Rectangles (MBRs) to approximate the geometry shapes of spatial objects and calculating the relations between rectangles will reduce the calculation greatly. So we can divide the spatial configuration retrieval into two steps: firstly the rectangle combinations for which it is impossible to satisfy the query conditions will be eliminated, and then the real spatial objects corresponding to the remaining rectangle combinations will be calculated using computational geometry techniques. To improve the retrieval efficiency, the index data structure which is called R-tree [8] or the variants R+-tree [17] and R*-tree [3] can be adopted.
The next section takes topological and directional relations as examples to study the mapping relationships between the spatial relationships for MBRs and the corresponding relationships for real spatial objects; section 3 designs and presents three spatial configuration retrieval algorithms based on the strategies studied in the previous section; the last section concludes this paper.
Spatial mapping relationships
This paper mainly concerns the topological and directional relations for MBRs and the corresponding spatial relationships for real spatial objects. The ideas in this paper can be applied to other relationships such as distance and spatio-temporal relations, etc.
Topological mapping relationships
This paper focuses on RCC8 [16] (see Figure 1) relations and studies the mapping relationship between the RCC8 relations for real spatial objects and the RCC8 relations for the corresponding MBRs. Let p and q be two real spatial objects, p' and q' be their corresponding MBRs. If the spatial relation between p and q is PO (Partly Overlap), then the possible spatial relation between p' and q' is PO(Partly Overlap) or TPP (Tangential Proper Part) or NTPP (Non-Tangential Proper Part) or EQ (Equal) or TPPi (inverse of Tangential Proper Part) or NTPPi (inverse of Non-Tangential Proper Part) which can be denoted by the disjunction form PO(p', q')∨ TPP(p', q')∨ NTPP(p', q')∨ EQ(p', q')∨ TPPi(p', q')∨ NTPPi(p', q'). To use R-tree to improve the efficiency of the spatial configuration retrieval, the topological relations in the query condition should first be transformed to the corresponding topological relations for the MBRs, which can be used to eliminate the rectangle combinations that cannot fulfill the constraints among the leaf nodes in the R-tree. The intermediate nodes in the R-tree can also be used to fast the retrieval process. Let p" be the rectangle that enclose p', i.e. the parent node of leaf node p' in the R-tree, which is called intermediate node. Given the spatial relation between p' and q', the spatial relation between p" and q' can be derived. For example, from the spatial relation TPP(p', q'), the spatial relation PO(p",q')∨ TPP(p",q')∨ EQ(p",q')∨ TPPi(p",q')∨ NTPPi(p",q') can be obtained. It is very interesting that the parents of the intermediate nodes also have the same property. Table 1 presents the spatial relations between two real spatial objects, the possible spatial relations that their MBRs satisfy and the possible spatial relations between the corresponding intermediate node and the MBR. We use U(p,q) to denote the universal relation between p and q,
Based on the above mapping relationship and the Rtree, the candidate MBR combinations can be retrieved efficiently, and then a refinement step is needed to derive the spatial relations among the real spatial objects that the MBRs enclose, which means that the spatial relation between p and q should be derived from the spatial relation between p' and q'. From the spatial relation between two MBRs, we can derive several possible spatial relations or only one definite spatial relation between two real spatial objects that the MBRs enclose. In the former case the complex geometry computation will be applied whereas it will be omitted in the latter case. For example, given the spatial relation NTPPi(p', q'), we can derive DC(p, q)∨ EC(p, q)∨ PO(p, q)∨ NTPPi (p, q)∨ TPPi (p, q), the geometry com- putation must be adopted to ascertain the spatial relation between p and q. But if we know the spatial relation DC(p', q'), then spatial relation DC(p, q) can be derived directly.
Direction mapping relationships
According to Goyal and Egenhofer's cardinal direction model [6] , there are 9 atomic cardinal direction relations(O, S, SW, W, NW, N, NE, E, SE) (see Figure 2 ) and totally 218 cardinal direction relations for non-empty connected regions in the Euclidean space 2 (illustrated by 3 × 3 matrix, see Figure 3 ) [5] .
There Figure 4 ). This kind of cardinal direction relation has the rectangle shape, so it is also named rectangle direction relation, otherwise it is called non-rectangle direction relation.
In the following, we study the mapping relationships between the cardinal direction relations for real spatial objects and the cardinal direction relations for the corresponding MBRs. First of all, we give a definition as follows.
Definition 1. a cardinal direction relation R contains another cardinal direction relation R', if all the atomic relations in R' also exist in R.
The mapping relationships from the cardinal direction relations for real spatial objects to the ones for their MBRs 
Figure 4. 36 cardinal direction relations for MBRs
can be described using the following theorems. Figure 4 which contains relation R and has the minimum area.
Theorem 1. if the cardinal direction relation between the real spatial objects p and q is rectangle direction relation R(see Figure 4), the cardinal direction relation between their MBRs p' and q' is also R; if the cardinal direction relation between the real spatial objects p and q is nonrectangle direction relation R, the cardinal direction relation between their MBRs p' and q' is the rectangle direction relation R' in
Theorem 1 can be derived by combining Figure 3 and Figure 4 . Assume that the cardinal direction relation between two real spatial objects p and q is N:NW:W which obviously is not rectangle direction relation, from Similarly the mapping relationships from the cardinal direction relations for MBRs to the ones for the possible real spatial objects can be described as follows. Given the cardinal direction relation between the MBRs p' and q', the cardinal direction relation between p", which is the parent node of p' in R-tree, and q' can be described using the following theorem. 
Theorem 2. if the cardinal direction relation R between two MBRs p' and q' contains no more than 3 atomic cardinal direction relations (including 3), the corresponding cardinal direction relation between the real spatial objects p and q is also R; otherwise, the possible cardinal direction relations between p and q will be the subsets of relation R which can be transformed to relation R when p and q are approximated by p' and q'.

Algorithms for spatial configuration information retrieval
As mentioned above, topological relations and directional relations can all be transformed into spatial relations for MBRs. Given a spatial configuration query, we can first transform the spatial relations constraints among spatial objects into spatial relations constraints among their MBRs, then some efficient retrieval algorithm and the R-tree(or R*-tree, R+-tree) that organizes the spatial data can be applied to pick out the MBR combinations that will later be checked using computational geometry technique(some real spatial relations can be derived directly from MBR combinations according to spatial relation properties, e.g., theorem 2). This paper concentrates on systematic algorithms in spatial configuration information retrieval for spatial relations among MBRs, which are transformed from the spatial relations in the query constraints according to table 1 and theorem 1. Heuristic algorithms are not in the scope of this paper. Systematic algorithms use techniques for constraint satisfaction problems(e.g., forward checking), dynamic variable ordering and R-tree, etc. to process the domain values of variables efficiently. This paper studies and implements three algorithms.
SFC-DVOSolver Algorithm
The spatial configuration information retrieval problem is essentially a binary constraint satisfaction problem [12] . Many efficient algorithms have been put forward to solve constraint satisfaction problems. One of these efficient methods is Forward Checking (FC), which has been proved to be better than other methods on many problems [1, 9] . Dynamic Variable Ordering (DVO) is a strategy that some algorithms use to improve efficiency for solving constraint satisfaction problems [2] . The main idea of FC-DVO is to sort the uninstantiated variables according to the domain size and select the variable having the smallest domain as the next one to be instantiated after each forward checking process. The algorithm that adopts the FC-DVO strategy to solve spatial configuration information retrieval problem is named SFC-DVOSolver.
The R-tree and its variants have been used to improve the efficiency of spatial information retrieval in many applications [10, 14, 18] . There are two ways to combine SFCDVOSolver algorithm and R-tree: one is to use R-tree to fast pruning in the forward checking process, e.g., RSFCDVOSolver and HRSFC-DVOSolver which will be introduced in the following section; another is to apply SFCDVOSolver to R-tree from the top level to the bottom level, which means all the nodes in the same level of R-tree compose the domain of every variable. The latter way has been proved to be very costly, so we particularly present the former way.
RSFC-DVOSolver and HRSFCDVOSolver Algorithms
The basic idea for the RSFC-DVOSolver algorithm is that when the current variable V i is assigned a value U k , the domain of any uninstantiated variable V j is rebuilt by searching all the leaf nodes in the R-tree satisfying the query constraint C ji between V i and V j using U k as the search window. We present the algorithm WindowSearch (see Figure 5 ) that utilizes R-tree to search values that satisfy the query constraint C ji with U k , and the other parts of RSFC-DVOSolver algorithm are basically the same as SFC-DVOSolver algorithm. Given the query constraint C ji between two real spatial objects p and q, we can obtain the relation constraint R ji for their MBRs p' and q' and the relation constraint R ji between the intermediate node p" and q' according to table 1, theorem 1 and theorem 3. Algorithm WindowSearch checks whether the parameter root is a leaf node or not (when the function is first called, it is the root node of the R-tree). If it is a leaf node, for any MBR U l that the parameter root contains the algorithm checks if there exists the spatial relation R ji (U l , U k ) . if the relation R ji (U l , U k ) exists and U l also belongs to the old domain of V j , then U l is added to the new domain of V j ; if root is not a leaf node, for any intermediate node U l that the parameter root contains the algorithm checks if there exists the spatial relation R ji (U l , U k ) . if the relation R ji (U l , U k ) exists, for any childnode U l of the root it is passed to the parameter root and the algorithm WindowSearch is called recursively. In the above algorithms the MBRs that satisfy the query constraints are not directly added to the new domain but have the set intersection operation with the old domain, because the old domain might have been pruned. The set intersection operation includes the float computation of checking if two rectangles are equal, which is timeconsuming. To improve the efficiency of rectangle matching, we use the hash index technique [10] to reorganize the MBRs data (i.e. the rectangle data that the leaf nodes in Rtree contain). We use a number of buckets to accommodate the MBRs, and through calculating the index value according to an MBR's coordinates the algorithm decides to put it into which bucket. The set intersection operation will be replaced by calculating the index value i of an MBR that satisfies the query constraint and comparing it with all the MBRs in the bucket with the index value i. The RSFC-DVOSolver algorithm using the hash index technique is named HRSFCDVOSolver. 
Conclusions
This paper has studied the spatial configuration information retrieval problem which includes 1) the mapping relationship among the spatial relations (topological and directional relations) for real spatial objects, the corresponding spatial relations for the corresponding MBRs and the corresponding spatial relations between intermediate nodes and the MBRs in R-tree, and 2) three systematic search algorithms. The research work of this paper is valuable for the information retrieval system related to spatial data.
In the future, the performances of these algorithms should be compared through experiments, and the research results in this paper can be generalized to the spatiotemporal information retrieval.
